 Parameter optimization GIMME. GEMs were generated by simultaneously varying the fraction of objective function and gene expression threshold linearly from 10 -6 to 1 (11 points), and between 1 st and 99 th percentile of the input expression profile (21 points), respectively. Figure A shows the simultaneous effect of 2 adjustable parameters of GIMME in terms of growth rate prediction ( Figure A (a) ) and the number of non-empty GEMs ( Figure A (b) ). While the sensitivity of GIMME to expression threshold was relatively low (except at moderate objective fractions), the decision on the fraction of objective function (i.e. growth) greatly affected the growth predictions, which was mainly due to the large difference between measured and predicted growth rates for cancer cell lines. The parameters corresponding to the lower relative error and higher model count (i.e. number of GEMs) were selected for all simulations (i.e. the fraction of objective function = 0.1 of maximum growth rate and expression threshold = 6 th percentile).
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Oveis Jamialahmadi, Sameereh Hashemi-Najafabadi, Ehsan Motamedian, Stefano Romeo, Fatemeh Bagheri  Parameter optimization GIMME. GEMs were generated by simultaneously varying the fraction of objective function and gene expression threshold linearly from 10 -6 to 1 (11 points), and between 1 st and 99 th percentile of the input expression profile (21 points), respectively. Figure A shows the simultaneous effect of 2 adjustable parameters of GIMME in terms of growth rate prediction ( Figure A (a) ) and the number of non-empty GEMs ( Figure A (b) ). While the sensitivity of GIMME to expression threshold was relatively low (except at moderate objective fractions), the decision on the fraction of objective function (i.e. growth) greatly affected the growth predictions, which was mainly due to the large difference between measured and predicted growth rates for cancer cell lines. The parameters corresponding to the lower relative error and higher model count (i.e. number of GEMs) were selected for all simulations (i.e. the fraction of objective function = 0.1 of maximum growth rate and expression threshold = 6 th percentile). iMAT. GEMs were generated by simultaneously varying 3 parameters of the algorithm, namely, flux activation threshold (ԑ), low and high expression thresholds were selected based on sensitivity analysis. More than 14500 GEMs were generated by simultaneously varying the flux activation threshold (ԑ) from 10 -3 to 10 (log-scale, 5 points), low expression threshold from 1 st to 75 th (7 points) percentile, and high expression threshold from 25 th to 99 th percentile (7 points). Figure B shows the simultaneous effect of 3 adjustable parameters of iMAT in terms of growth rate prediction and the number of non-empty (functional) GEMs. As depicted, the number of functional CORDA. GEMs were generated by linearly varying the constraint value for defining the reaction dependency from 1% to 99% of maximal flux rate (20 points). As shown in Figure C , the decision on this parameter did not affect the generated GEMs. Therefore, the constraint was set to 10% of maximal flux rate. TRFBA. The constant parameter C in TRFBA was calculated according to the original publication [2] . To determine the range at which TRFBA shows a non-monotonic dependence on growth rate, C was varied between several extreme points (from 0 to 1). Next, the C was varied linearly from 
